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Viral metagenomics is independent of lab culturing and capable of investigating
viromes of virtually any given environmental niches. While numerous sequences of viral
genomes have been assembled from metagenomic studies over the past years, the natural
hosts for the majority of these viral contigs have not been determined. Different
computational approaches have been developed to predict hosts of bacteria phages.
Nevertheless, little progress has been made in the virus-host prediction, especially for viruses
that infect eukaryotes and archaea. In this study, by analyzing all documented viruses with
known eukaryotic and archaeal hosts, we assessed the predictive power of four computational
approaches in viral host prediction. The use of the following biological relationships among
viruses and hosts were explored: 1. Sequence similarity between virus and host genome,
where direct genetic interactions between viruses and hosts are assumed to leave traces of
historical infections. 2. Co-evolution between viruses and hosts, where the viral dependency
on their hosts for replication is assumed to result in similar genomic features including
nucleotide composition and codon usage. 3. Sequence similarity between viruses, where
closely related viruses are assumed to infect the same hosts. And 4. genomic feature
similarities between viruses based on nucleotide compositions and dinucleotide/codon/bicodon usage biases. We assume that viruses with similar genomic features tend to share the
same hosts. We showed that using any of the four approaches produced better predictions
than uninformed guesses, indicating that our current knowledge of virus-host interaction and

co-evolution can be exploited to help predict natural hosts among eukaryotes and archaea for
viral contigs. Overall, the third and fourth approaches (prediction based on virus-virus
genomic sequence similarity and genomic feature similarity) had the highest prediction
accuracy. The second approach (prediction based on virus-host co-evolution) has the least
predictive power. We also discuss the biological underpinnings of different predictive power
shown in each of these approaches. We anticipate a significant increase in predictive capacity
as more training data and knowledge of virus-host relationships are accumulated in the
future.
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INTRODUCTION

Viruses are Abundant, Critical but Few are Characterized
Viruses play essential roles in public health, agricultural production, and global
ecosystems (SUTTLE 2007). Possessing the most diverse genetic modes, viruses also
highlight fundamental insights into the evolution of life (KOONIN AND DOLJA 2013).
Previous studies suggested that viruses that viruses are more abundant than all cellular
organisms but few has been characterized (SUTTLE 2007; LEWIS et al. 2021). A better
understanding of the uncharacterized virosphere is of paramount importance,
conceptually and practically. Traditional approaches to identify and study viruses that
infect bacteria, archaea, and some simple eukaryotes depend primarily on plaque and
lysis assays. These assays involve culturing viral particles on solid plates or liquid media,
and awaiting clear plaques or clearing cell mixture to appear. It prerequires that physicochemical culture conditions can be created in the laboratories for host cells to properly
grow and can be rapidly lysed by viruses. Indeed, viruses that cannot be cultured in the
laboratories comprise most of the global virosphere (RAPPE AND GIOVANNONI 2003).
Viruses are obligate intracellular parasites and depend completely on their hosts for
reproduction (BANDIN AND DOPAZO 2011; DE JONGE et al. 2019). This constraint keeps
viruses with compromised host fatalities. Moreover, the vast majority of bacterial and
archaeal hosts in wild environments cannot yet be cultured in the lab conditions (RAPPE
AND GIOVANNONI

2003; BRUM et al. 2015). In terms of the viruses that infect higher

eukaryotes, usually, only those that can cause medical and agricultural consequences are
the focus of the scientific endeavor. Together, our contemporary knowledge of virus-host
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interactions is limited and highly biased. The deficit in a comprehensive understanding of
the virosphere demands major technological and theoretical breakthroughs.

Culture-independent Metagenomics
The Next-generation Sequencing (NGS)-based metagenomics allows culture-independent
studies of all viruses (viromes) in virtually any ecological systems (MOKILI et al. 2012).
Metagenomic studies of some particularly critical environmental niches such as human
guts and plant rhizospheres, as well as several highly impactful ecosystems such as
oceans and several large lakes, have provided us a much better understanding of the
diversity, evolution, ecological interactions involving viruses (SUTTLE 2007; RODRIGUEZBRITO et al. 2010; BRUM et al. 2015; PAEZ-ESPINO et al. 2016; ROUX et al. 2016). The
success of viral metagenomics has yielded a large amount of viral sequences and has
been accumulating over recent years, some of which can be assembled to near-complete
novel viral genomes. While these novel viral sequences have contributed significantly to
our understanding of viral diversity, a more important question is how these viruses are
interacting with cellular life forms. However, these efforts are usually hampered by the
lack of information about their respective hosts. Experimental verification of individual
virus-host interactions is time and resource-demanding. Therefore, the need for
computational approaches to predict potential virus-host relationship is increasing.

Our understandings of the molecular mechanisms of virus-host interactions provide the
foundation of sequence-based computational prediction of virus-host relationships. For
example, transferring of genetic materials between viruses and hosts, viral-host
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coevolution, and evolutionary constraints for virus-host specificity are potentially useful
traits that can be identified from the genomic sequences and used to predict virus- host
relationships.

Genomic Sequence Similarity Between Viruses and Hosts
Many viruses can insert their genetic materials into the host genomes. A paradigmatic
example is retroviruses. The RNA genomes of retro-viruses are reverse-transcribed by the
reverse transcriptase (RT), and the DNA copy of the viral genomes can be inserted into
the host genome by integrase, leaving traces of the retroviral infection in the host genome
(BOURQUE et al. 2018). Eukaryotic genomes are usually comprised of a substantial
number of transposable elements that have high similarity with retroviral sequences.
While it is straightforward that the vast majority of virus-like elements in eukaryotes are
of retroviral origins, such as the Long-Inverted Repeat (LTR) retrotransposons due to the
active retro-transposition, accumulating evidence shows that some viruses other than
retroviruses can also insert into the host genome although the molecular routes and
mechanisms are yet to be characterized (FESCHOTTE AND GILBERT 2012; AIEWSAKUN
AND KATZOURAKIS

2015). In prokaryotes, many phages have a lysogenic phase. They

insert their genomes into the host genomes after infection and stay dormant under
favorable environmental conditions. When the host cells are stressed, the lysogenic
viruses are reactivated and become lytic (HOWARD-VARONA et al. 2017). Therefore,
genetic elements highly similar to viruses are most likely viral fossils and are generally
considered as good evidence for historical viral infections. It is therefore reasonable to
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consider that identification of viral sequence similarity in a host genome can be used to
predict virus-host relationships.

Another mechanism that can cause the sequence similarity between virus and host is
through adaptive immunity. Viral nucleotide sequences are usually exploited by the
host to defend against attacks by similar viruses as part of the adaptive immunity.
The two most prominent examples are CRISPR sequences and small RNAs. CRISPR
sequences are a family of DNA sequences wildly found in bacteria and archaea
derived from bacteriophages. Thanks to their viral origin, CRISPR sequences can
guide Cas proteins, which have nuclease catalytic activity to destroy invading viruses
(MAKAROVA et al. 2011). Eukaryotes deploy a very similar strategy to defend their
genomes against viruses. Eukaryotes encode small RNAs such as small interfering
RNAs (siRNAs) and PIWI-associated RNAs (piRNAs), which have high similarities
with viruses or virus-like elements (OBBARD et al. 2009; MIESEN et al. 2016). These
small RNAs guide another important family of the multidomain nuclease, Argonaute,
to destroy exogenous sequences, including viruses and transposable elements.
Therefore, the method based on virus-host nucleotide sequence similarity will be
explored.

Genomic Sequence and Feature Similarities Between Viruses and Hosts
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Figure 1. A typical virus life cycle. A typical virus contains both protein envelope and
nucleic acid genetic material. The first stage is cell attachment and endocytosis through
protein-protein interactions between viral envelope glycoproteins and host cell receptors.
The second stage is replication of genome and synthesis of envelope proteins. The final
stage is the assembly of new viral genomes and envelope proteins. This figure is adopted
from Qureshi et al., 2018 (QURESHI et al. 2018).

A successful viral infection includes a minimal series of steps: cell attachment and
penetration, genome replication, viral protein synthesis, viral particle assembly, and
release (Figure 1) (QURESHI et al. 2018). Each step is under particular evolutionary
constraints. The very first step of a successful viral infection is the entry into host cells.
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There are two major routes for cellular entries and transmission of viral particles: through
the tiny plasmodesmata in plants and receptors outside in other systems’ membrane. Nonplant viruses usually have receptor-recognition proteins within their virions to recognize
specific receptors in host cells. The essentiality of highly specific receptor-recognition
interactions between viral proteins and molecules on the host cell surface can
theoretically be used as a potential proxy to predict virus-host interactions. However, this
approach would require extensive biochemical information of both viruses and hosts. If
both viruses and hosts are well annotated, it is possible to predict infectious ability. In
humans, multiple receptors and entry cofactors for various viruses have been identified
(OVERBAUGH et al. 2001). For example, the influenza spike protein (hemagglutinin) can
attach to the receptor (sialic acid-attached glycoproteins) in human cell surface in
respiratory trajectory, the fusion of Human Immunodeficiency Virus (HIV) particles is
triggered by receptor CD4 on the surface of T lymphocytes. Whereas the accumulation of
such biochemical data of virus-host interactions is slow and resource-demanding,
computational modeling to show the potential in predicting host-pathogen protein-protein
interactions at the genomic scale (DAVIS et al. 2007). Although prediction based on
biochemical interactions can potentially be promising, it will require extensive
biochemical data (mainly protein-protein interactions) and therefore will not be the focus
of this study.

For replication, viruses typically encode the nucleic acid polymerase in their genomes
and carry the enzyme in the virions. Some viruses even have transcription factors
packaged in the virions essential for transcription and replication (CHOI 2012). DNA
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viruses require DNA-dependent DNA polymerase (DdDP) for replication. DNA viruses
with the large genome, which usually replicate in the host cytoplasm, encode their own
DdDP while small DNA viruses that replicate inside the host nucleus rely on host DdDP.
RNA viruses rely on RNA-dependent RNA polymerase (RdRP) for RNA genome
replication. Most RNA viruses encode their own RdRPs. Retroviruses rely on their selfencoded reverse transcriptase for genome replication. Interestingly, some viruses use
proteins as primers, which are covalently bound to their genomes (CHOI 2012). In the
presence of polymerases, one of the major bottlenecks for rapid replication of viral
genomes is the availability of free nucleotides since viruses cannot generate essential
energy nor produce metabolites by themselves. The rate of genome replication of viruses
highly depends on the profiles of host nucleotides compositions. Viruses that have GCrich genome are expected to replicate relatively slower in hosts that have AT-rich
genomes, and vice versa. Viral genomes tend to adapt to the host genomes to have a
similar nucleotide profile.

While viruses usually encode core replication enzymes, they usually lack translational
machinery such as ribosomal RNAs (rRNAs) and transfer RNAs (tRNAs) (FORTERRE
AND PRANGISHVILI

2009). Therefore, the majority of viruses depend on the host

translational system to synthesize their structural proteins and capsids. Viruses synthesize
a large number of proteins, particularly the capsid protein, in a short time to assemble
numerous new viral particles. Therefore, viruses tend to adapt to host's codon usage bias
to achieve high efficiency of protein synthesis (BAHIR et al. 2009).
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The usage of dinucleotides in viral genomes are also shaped by evolution to resemble
their hosts, although the underpinning biological mechanisms remain elusive (KUNEC
AND OSTERRIEDER

2016). One possible constraint for a successful viral life cycle is that

viruses need to maintain the integrity of the host genome. Furthermore, while viral
genomes can be mostly protected by coat proteins and viral membranes outside of host
cells, staying intact after uncoated inside host cells that are enriched with various
(ribo)nucleases is not a trivial task. One possible effective path to escape the attack by
host defense mechanisms is to mimic the nucleic acids inside host cells. The bi-codon
usage (usage of two consecutive codons), which appears to be a direct consequence of
dinucleotide bias (KUNEC AND OSTERRIEDER 2016), also affects the rate of ribosomemediated translational attenuation.

More generally it has been shown that the usage of k-mers (subsequences of k
nucleotides) in viral genomes is similar to that of the hosts they infect (PRIDE et al. 2006)
likely to circumvent the defense machinery mediated by different host cells’ nucleases
(SHABALINA AND KOONIN 2008; HALE et al. 2009; KARGINOV AND HANNON 2010;
SWARTS et al. 2014).

Genomic Sequence and Feature Similarities Between Viruses
We have discussed above that the direct genomic interactions and co-evolution between
viruses and hosts have left marks on their genomes that can be traced and exploited to
predict virus-host relationships. While some marks can be explained by our current
understandings of molecular mechanisms of virus-host interactions and evolution, others
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are less straightforward and remain uncharacterized. For example, it has recently been
shown that the dinucleotide usage bias of RNA viruses infecting animals is
counterintuitively shaped more by the taxonomic status of the virus than by the host,
indicating that the hosts are not the only constraint that shapes the evolutionary
trajectories of viruses (DI GIALLONARDO et al. 2017). The reverse-engineering and
reductive approach may reveal only a rather partial view of evolutionary history due to
our imperfect and incomprehensive knowledge. Indeed, precise prediction of virus-host
interactions requires a holistic perspective. Here, we formulate a simple hypothesis that a
group of viruses with high similarities is likely to share the same hosts. Viruses that infect
a particular host must be under similar evolutionary constraints through similar molecular
interactions with the shared host.

Over the past few years, various sequence similarity-based computational approaches
have been proposed to predict virus-host relationships. These studies commonly used
oligonucleotide k-mer frequencies of bacterial and phage genomes and similarity levels
between them as one of the major features to predict virus-host interactions. There are
several limitations of these studies. Most of the studies are focused on predicting the
hosts of only bacterial phages (EDWARDS et al. 2016; VILLARROEL et al. 2016; AHLGREN
et al. 2017; ZHANG et al. 2017; LU et al. 2021). Moreover, these approaches exclusively
use the sequence similarities between viruses and their hosts, instead of virus-virus and
host-host similarities. Recently, several machine learning algorithms have also been
proposed in virus-host prediction. For instance, a Support Vector Machine (SVM) has
been trained to classify binary datasets for infecting (positive) and non-infecting
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(negative) viruses based on features generated from viral genomes (YOUNG et al. 2020).
It is important to note that the training data are biased because the positive and negative
classes are created arbitrarily. A deep learning-based tool is developed to predict hosts for
viruses influenza A, rotavirus A or rabies virus (lyssavirus) (MOCK et al. 2020).
However, this tool can only be applied to a limited number of extensively studied viruses,
such as influenza viruses, where substantial genomic sequence data and curated virushost records are available to train a deep learning model. For the vast majority of viruses
in the virosphere, training data is lacking and ab-initio prediction methods need to be
used.

Contributions
The focus of this study is on predicting the hosts of viruses that infect eukaryotes and
archaea. In addition to approaches based on virus-host sequence similarities, using both
alignment-based virus-host sequence similarity as well as alignment-free k-mer profiles,
we also assessed the predictive power of the approaches based on virus-virus sequence
similarities and virus-virus genomic feature similarities were assessed. The latter
approaches are novel and they are currently largely unexplored.

We found that, in archaea, the lineage-specific evolutionary constraint on hosts is a major
force that has shaped the genomes of archaeal viruses, which makes it possible to predict
virus-host relationships in the archaea domain. This pattern was also observed among
plants where the green algae and land plants appear to be under distinct constraints,
shaping the different evolutionary trajectories of algal and land plant viruses.
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Accordingly, a certain level of predictive power was guaranteed in predicting viral hosts
in the plant domain. In contrast, in metazoans, the similarities of oligonucleotide profiles
between viruses and their animal hosts were not very high, which unsurprisingly yielded
low predictive performance.

In summary, our results demonstrated that all our approaches were consistently able to
predictive in virus-host relationships in the domains of archaea and eukaryotes. Notably,
our novel approaches based on virus-virus similarities had higher prediction accuracies
than approaches based on virus-host similarities.

MATERIALS and METHODS

Benchmark dataset preparation
Virus-host database among eukaryotes and archaea. A comprehensive and curated
virus-host database was retrieved from virushostdb
(ftp://ftp.genome.jp/pub/db/virushostdb/) (MIHARA et al. 2016). This database
contains virus-host pairs information including: "Virus Taxonomy ID", "Virus
Name", "Virus Lineage", "Refseq ID", "Host Taxonomy ID", "Host Name", and
"Host Lineage". The database contains 11516 nonredundant virus records, among
which 7030 viruses have known eukaryotic hosts; 2991 viruses have bacterial hosts;
102 viruses have known archaeal hosts; others are from environmental samples
whose natural hosts are not yet determined. The comprehensive databases of Codon,
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Bicodon, Dinucleotide Bias, and GC content profile of most sequenced organisms
and viruses were retrieved from the HIVE (ALEXAKI et al. 2019).
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Circoviridae

Figure 2. Taxonomic composition (at family level) of non-phage viruses in the database
with known hosts according to the NCBI taxonomic records for each virus

The top 20 viral families that have the largest numbers of known virus-host
records include: Geminiviridae (717), Picornaviridae (427), Caliciviridae
(402), Papillomaviridae (360), Circoviridae (245), Potyviridae (233),
Flaviviridae (222), Coronaviridae (207), Adenoviridae (194), Rhabdoviridae
(188), Parvoviridae (181), Tolecusatellitidae (150), Polyomaviridae (144),
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Retroviridae (140), Betaflexiviridae (130), Anelloviridae (124), Herpesviridae
(122), Genomoviridae (115), Reoviridae (111), Totiviridae (99) (Figure 2).
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Figure 3. Taxonomic composition at domain, kingdom, and class levels of the most
abundant and non-redundant hosts (with distinct taxonomic IDs) in virus-host
benchmark database

Regarding the known hosts of these viruses, the most abundant metazoan classes
are: Mammalia (520), Insecta (422), Aves (123), Actinopteri (90), Arachnida
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(62), Malacostraca (28) (Figure 3). Almost all land plants that host known viruses
are from Liliopsida. The most abundant classes of fungi that host known viruses
are Agaricomycetes and Sordariomycetes. The most abundant classes of archaea
that host known viruses are Thermoprotei and Halobacteria.

Extracting RefSeq IDs of non-phage viruses. The viral Refseq IDs were extracted
from the database described above. Note that some viruses have multiple segments of
the genomes with multiple reference IDs for one genome. For example, the influenza
A virus genome has eight single-stranded RNA segments with Refseq IDs (FJ966079,
FJ966080, FJ966081, FJ966082, FJ966083, FJ966084, FJ966085, and FJ966086). If
that is the case, all Refseq ID were extracted for the same virus (each virus has one
unique ID.

Extracting genome sequences of non-phage viruses. The virus genome sequences
were downloaded from virushostdb (ftp://ftp.genome.jp/pub/db/virushostdb/). Using
the unique Refseq IDs of archaeal and eukaryotic viruses, we extracted the genome
sequences for these non-phage viruses using Samtools (LI et al. 2009).

Obtaining the taxonomic distribution of the virus-host database. The taxonomic
distribution at the family level was obtained from the non-phage viruses. The top 20
most abundant viral families in the database are shown. As shown in Figure 2, the
most abundant family of viruses is Geminiviridae. Viruses in Geminiviridae have
single-stranded and circular DNA genomes of several kilobases, mostly replicating
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inside the host nucleus. The geminiviruses infect plants and are transmitted by insects
(Zerbini et al. 2017). The second and third most abundant families of viruses
infecting eukaryotes are the Picornaviridae. The picornaviruses have small singlestranded positive-sense RNA genomes of about 7.5kb long. It is generally considered
that vertebrates are the natural hosts for the picornaviruses. Remarkably, the picornalike viruses in a broad sense have extraordinarily broad host range from unicellular
eukaryotes to vertebrates, and have been inferred that the early evolution of picornalike viruses is associated with eukaryogenesis (Koonin et al. 2008). It is likely that as
more novel picorna-like viruses are discovered through metagenomic studies, the host
range of picornaviruses may not be confined to vertebrates. Together with other viral
families, it can be concluded that our current virus databases are highly biased
towards agronomically important plant viruses and vertebrate viruses, particularly
viruses that infect mammals. This conclusion is corroborated by the statistics of
natural hosts in the database. In metazoa, natural hosts are highly biased to
mammalians (520), insects (422), and birds (123). In plants, almost all hosts with
known viruses are Liliopsida (monocots).

Reference genome sequences of archaeal and eukaryotic hosts. Reference genome
sequences of all archaeal and eukaryotic organisms (fungi, protozoa, plant,
invertebrate, vertebrate_mammals, and vertebrate_others) were downloaded from
National Center for Biotechnology Information (NCBI) FTP
(ftp://ftp.ncbi.nih.gov/refseq/release/).
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Sequence similarity search of viruses against archaea and eukaryotes
Preparation of local blastn databases. Local blastn databases were prepared for the
both the viral and host reference genomes homology with the command line:
makeblastdb –in mydb.fa –dbtype nucl –parse_seqids.

Local blastn similarity search. The reference genome sequences of all viruses were
used as query to do nucleotide similarity search against reference genomes sequences
of all hosts. Each viral query genome yielded multiple hits of eukaryotic genomes.
The blastn bit score of each hit was recorded. Bit scores are an unbiased measure of
similarity level. A higher bit score means a higher sequence similarity. For each
query virus, the similarity scores for all the hits were added up. Furthermore, we
extracted the taxonomic information for each hit, including its identity of "Domain”,
"Kingdom", "Phylum", "Class", "Order", "Family", "Genus", "Species". Scores
between each virus query and the taxonomic group of each host hit were summed up
and sorted from largest to smallest. The one that yields the highest total bit score is
predicted to be the taxa of the host. The predicted host(s) will be compared with
known hosts to assess predictive accuracies. For the archaea genomes, the following
parameters: task as megablast; the number of threads as eight; evalue cutoff as 1e-3.
Both sequence alignment output and a summary output (including Query_ID;
Taxonomy_ID; Hit_ ID; Query_length; Query_start; Query_end; Hit_start; Hit_end;
E-value; and Bitscore) are obtained. However, for larger databases such as those for
mammalian and plant genomes, the computational time is significantly longer. The
blast program loads the entire databases into the memory and does a search against
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the entire database. Therefore, when the database is too large, it consumes all the
memory and leaves only limited memory for transporting the results from CPU to
hard drive slowing down the process significantly (note that CPU speed is much
faster than memory I/O speed). To circumvent this problem, we split the large
database into a number of smaller pieces (about 1Gb for each) then ran the blastn
program to each piece and combined all the blastn results together, instead of loading
the whole database to the memory at one time. Blast results were written to hard drive
concomitantly. One after one, until the whole database was searched out, all the blast
results were combined at the end. This shortens the total time for the blastn similarity
search significantly.

Analysis of the blast search results
Obtaining the information from blast results: A bash script was written to extract the
following information: "Virus-ID"; "Hit-ID"; "Hit-Score" from each query-hit pair.

Matching the taxonomy IDs for each Hit ID. The Accession_to_Taxonomy database
that contain the taxonomic ID for each accession ID was downloaded from NCBI
(ftp://ftp.ncbi.nih.gov/pub/taxonomy/accession2taxid). A bash script was written to
extract the Accession_to_Taxonomy pairs for the viruses in the virus-host database.
Extracting taxonomic information based on taxonomy ID. The taxdump file was
downloaded from NCBI (https://ftp.ncbi.nlm.nih.gov/pub/taxonomy/new_taxdump/).
A bash script was written to extract the detailed taxonomic information for taxonomic
IDs for virus-host pairs.
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Prediction of the natural hosts of non-phage viruses.
To predict the natural hosts of non-phage viruses, for all the blastn hits for each query
virus summed up and sorted from largest to smallest. This process is performed at
different taxonomic levels: "Domain", "Kingdom", "Phylum", "Class", "Order",
"Family", "Genus", and "Species". For each taxonomic level, the one that has the
highest score is predicted to be the natural host.

Table 1 shows a snapshot of the results of the blastn similarity search using Human
gammaherpesvirus 4 as the query against all host reference genomes. This virus has
sequence similarity to different organisms including Nicotiana tomentosiformis,
Helianthus annuus, and Pan paniscus, etc. The bit scores (1048 - 6682) between
Human gammaherpesvirus 4 and Pan paniscus are larger than those against plants
(97.1 and 62.1). The sum of the bit scores for metazoan hits is 11041.8 and that are
Viridiplantae is 159.2. As a result, Human gammaherpesvirus 4 is predicted to infect
Metazoa. Similarly, predictions at deeper taxonomic levels were performed similarly.
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Table 1: An example result of the blastn similarity search using the Human
gammaherpesvirus 4 using genomic sequences as the query against all host reference
genomes.
Virus

Bitscore

Hits

Human gammaherpesvirus 4

97.1

Nicotiana tomentosiformis

Human gammaherpesvirus 4

62.1

Helianthus annuus

Human gammaherpesvirus 4

1048

Pan paniscus

Human gammaherpesvirus 4

6682

Pan paniscus

Human gammaherpesvirus 4

1098

Pan paniscus

Human gammaherpesvirus 4

2148

Pan paniscus

Human gammaherpesvirus 4

65.8

Sphaeramia orbicularis

Calculating the Similarities for GC-content, and Usages of Dinucleotides, Codons,
and Bicodons between viruses and hosts and between viruses
Codon, bicodon, and dinucleotide usage, and GC contents for each genome were
retrieved from HIVE
(https://hive.biochemistry.gwu.edu/dna.cgi?cmd=tissue_codon_usage&id=586358&
mode=cocoputs) (ALEXAKI et al. 2019). The Euclidean distances were calculated
between each virus and each of archaea and eukaryotic organisms based on GCcontents or usages of codons, bicodons, and dinucleotides. The time complexity of
calculating Euclidean distance is O(n^2). The prediction of the natural hosts of non-
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phage viruses were performed based on the k-nearest neighbors algorithm as follows.
From the Euclidean distances calculated between a given virus and all possible host
organisms, then sort the distances, the organism(s) with the smallest distance was
considered to be the potential host of the virus.

Evaluating the prediction performance.
The predicted hosts were compared with the known host(s) in the benchmark dataset.
Some viruses have multiple hosts, and sometimes these hosts can be phylogenetically
distant. If the predicted host for a virus is exactly the same species as any known host
for the virus, the prediction is considered correct (true positive, TP). If more than one
organisms are known to be the hosts, the prediction is also considered correct if the
predicted host is any of the known hosts. Otherwise, the prediction is incorrect (false
positive, FP). The rest of the organisms (other than the one predicted to be the host) in
the database were predicted to not be the host for a specific virus (negative
prediction). If the organism predicted to be non-host is in fact not the host, the
prediction is correct (true negative, TN). Otherwise, if the organism is in fact the host,
the prediction is incorrect (false negative, FN).

Accuracy is calculated as the ratio of true positives and true negatives among all
predictions:

Accuracy = (TP + TN) / (TP + TN + FP + FN)

(1)
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The F1 score is the weighted mean of Precision and Recall:
Precision = TP / (TP + FP)

(2)

and
Recall = TP / (TP + FN)

(3)

F1 = 2 * (Precision * Recall) / (Precision + Recall)

(4)

The prediction performance of most approaches in this study is presented in F1 scores
instead of accuracies. This is because the predictions are strongly imbalanced, as
there are significantly more negative predictions than the positive predictions. When a
random virus-host pair is chosen, the probability that they are not the actual virus-host
pair is very high providing a very high TN rate. Therefore, even an random predictor
can obtain high accuracy. In such case, the F1 score is a better metric than accuracy
since it gives more weight to the false predictions (FP and FN).

The Receiver Operating Characteristic (ROC) curves were plotted based on the true
positive rates (TPR) and false positive rates (FPR) with varying thresholds.

TPR = TP / (TP + FN)

(5)

FPR = FP / (FP + TN)

(6)

Recall = TPR

(7)

For the prediction based on sequence similarity, if the bit score is very high, all
predictions become negative. Therefore, TPR = 0 and FPR = 0. As the threshold
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decreases, more positive predictions are made with both higher TPR and FPR. If the
predictor has good performance, the TPR should increase faster than the FPR.
Otherwise, TPR and FPR increase at the same rates. For the prediction based on
genomic feature similarities, calculated by the Euclidean distances, the situation is the
opposite. When the distance threshold is very small, all predictions become negative;
and hence, TPR = 0 and FPR = 0. As the threshold increases, more positive
predictions are made with higher TPR and FPR. If the predictor has good
performance, the TPR should increase faster than the FPR. Otherwise, TPR and FPR
increase at the same rates.

The ROC plots for sequence similarity-based prediction may look different from
Euclidean based on feature-based prediction because in sequence similarity-based
prediction, the vast majority of the similarity scores of virus-host pairs are 0. Only
several virus-host pairs have a non-zero similarity scores (and usually the score are
very large). However, in Euclidean based on feature-based prediction, the Euclidean
distance scores are more or less smoothly distributed in a range (from very similar to
very different).

Availabilities of datasets and source codes.
All the datasets and source codes have been deposited into GitHub at:
https://github.com/yingshanli/Host-Prediction-of-Viruses-in-Eukaryotes.
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RESULTS
Virus-host prediction based on virus-host sequence similarity
We performed nucleotide similarity search against all reference archaeal and
eukaryotic genomes using each of the reference genomes of non-phage viruses as the
query. Table 2 shows an example of a virus-host prediction based on virus-host
similarity. The human Gallid alphaherpesvirus 2 obtained the maximum total bit
score of 5510.4 from metazoan hits and 0 score from any other kingdoms (Table 1).
Therefore, this virus is predicted to infect animals rather than plants. This prediction
is consistent to the experimentally verified known host. The prediction for this virus
remains valid at the phylum, class, order, family, and the genus level if we assume
that chicken are the only natural hosts for this virus.
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Table 2. An example of predicting hosts based on virus-host sequence similarity.

Virus

Taxon

Total bit scores calculated for possible eukaryotic hosts

omic

Known
host

level
Gallid

Kingdo

alpha

m

herpe
svirus

Metazoa:5510.4|

Metazoa

Phylum

Chordata:5390|Arthropoda:120.4|

Chordata

Class

Aves:4893.6|Actinopteri:368.6|Mammalia:127.8|Insecta:120.|

Aves

Order

Galliformes:3696|Passeriformes:277.6|Sphenisciformes:270.4|

Gallifor

Apodiformes:244|Bucerotiformes:135.2|Pelecaniformes:135.2|

mes

2

Caprimulgiformes:135.2|Rodentia:127.8|Cypriniformes:127.8|
Hemiptera:120.4|Perciformes:120.4|Siluriformes:120.4|
Family

Phasianidae:2180|Numididae:1516|Thraupidae:277.6|

Phasiani

Spheniscidae:270.4|Trochilidae:244|Threskiornithidae:135.2|

dae

Bucerotidae:135.2|Caprimulgidae:135.2|Cyprinidae:127.8|
Muridae:127.8|Bovichtidae:120.4|Ictaluridae:120.4|Delphacida
e:120.4|
Genus

Gallus:1666|Numida:1516|Coturnix:514|Calypte:244|Geospiza
:138.8|Camarhynchus:138.8|Buceros:135.2|Nipponia:135.2|An
trostomus:135.2|Pygoscelis:135.2|Aptenodytes:135.2|Mastomy
s:127.8|Sinocyclocheilus:127.8|Ictalurus:120.4|Cottoperca:120
.4|Nilaparvata:120.4|

Gallus
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Figure 4. Performance of the host prediction based on virus-host sequence similarity
for archaea (blue) and eukaryotes (orange) hosts. The prediction performance is
measured using F1 scores at different taxonomic levels.

Figure 5. ROC curves displaying the predictive accuracies of archaeal hosts based on virushost sequence similarity. The dashed line is based on the uninformed random guesses.
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Figure 6. ROC curves displaying the predictive accuracies of the eukaryotic hosts based on
virus-host sequence similarity. The dashed line is based on the uninformed random guesses.

However, the single-host assumption may not hold since host-switch such as
zoonosis is not uncommon (MORSE et al. 2012). Although viruses are generally
known to have highly specific hosts, many eukaryotic viruses have hosts of a
relatively broad taxonomic spectrum. For instance, some strains of influenza viruses
can infect both birds and humans. Hardly is there any virus that exclusively infects a
particular host at the species or genus level. Accordingly, to accurate prediction of
eukaryotic natural host(s) of eukaryotes for a virus at taxonomic levels of species or
genus may not be a biologically or practically viable goal. We assessed the accuracy
of predicting hosts of both archaeal and eukaryotic viruses at various taxonomic
levels based on virus-host nucleotide similarity (Figure 4). The F1 score reaches as
high as 0.75 at the phylum level in eukaryotes and 1.0 in archaea, indicating virushost sequence similarity homology is a very good indicator of infection relationships
between viruses and hosts. The predictive performance for archaeal hosts is much
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higher than that for eukaryotic hosts. For eukaryotic hosts, the F1 scores drop sharply
as the taxonomic level goes deeper (eg., F1 is around 0.35 at the class level and
below 0.3 at the family and genus levels). In contrast, for archaeal hosts, the F1
scores are very high at the levels of phylum, class, order and family. Even at the
genus level, the F1 score is above 0.5.

We also plotted the ROC curves of this method to illustrate its predictive
performance (Figures 5 and 6). For both archaeal and eukaryotic hosts, this method
yields much better prediction results than the uninformed random guesses. However,
the true positive rates in archaeal host prediction are about five times higher than
eukaryotic host prediction based on virus-host genomic sequence similarity.
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Figure 7. Performance of eukaryotic host prediction based on virus-host similarity in
four classes (Plants, Mammals, Insects and Aves). The prediction performance is
measured using F1 scores at different taxonomic levels.

Among the four common classes in eukaryotes (plants, mammals, insects, and aves),
this method seems to be particularly useful in predicting virus-host relationships in
Aves (Figure 7). The F1 score remains as high as 0.4 at the genus level. In
comparison, this method has relatively low predictive power among insects. These
results indicate that virus-host nucleotide similarity can be exploited to predict virushost relationships.

Nevertheless, virus-host sequence similarity is not powerful enough to predict hosts due
to a few caveats. Firstly, genomes of prokaryotes and eukaryotes are fundamentally
different in that prokaryotes almost have only protein-coding genes, while eukaryotic
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genomes contain virus-like genetic elements such as transposons (LYNCH 2006;
BOURQUE et al. 2018). Some transposons originate from viruses. For instance, the murine
leukemia virus and the petunia vein-clearing virus are highly related to the exogenous
gammaretroviruses and pararetroviruses, respectively (CHABANNES AND ISKRA-CARUANA
2013; HOHN AND ROTHNIE 2013; KOZAK 2013). However, a considerable fraction of
genetic elements highly similar to viruses is not due to direct viral integration but merely
products of transpositions of transposons within the genome. It is usually difficult to
distinguish whether an individual virus-like element comes from an integrated virus by
exogenous infections or a duplication of another endogenous transposon merely based
sequence similarity. Therefore, the virus-host sequence similarity sometimes does not
reflect the real virus-host relationships. Secondly, recent metagenomic studies have
shown that a significant number of newly sequenced viral contigs have no detectable
similarity to any sequences in the public databases (BARRIENTOS-SOMARRIBAS et al.
2018). For these viral sequences, it is infeasible to predict potential hosts based on virushost sequence similarity. These caveats notwithstanding, the general concept of genomic
communications between viruses and hosts is useful with a caution for using it as a sole
base to predict virus-host relationships.

Host prediction based on virus-host co-evolution and genomic feature
similarities
Protein synthesis for viruses completely depends on host translational machinery. No
viruses are found to encode a complete translational system comprised of tRNAs and
rRNAs along with ribosome-binding proteins. While ribosomes are highly conserved
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across cellular life, the tRNA distributions may vary vastly among different organisms.
Thus, viral protein synthesis is under a major constraint posed by the tRNA availabilities
in individual host cells. Figure 8 shows that viruses infecting Halobacteriaceae are highly
adapted to Halobacteriaceae hosts in terms of the codon usage. Viruses infecting
Sulfolobaceae have highly similar codon usage with Sulfolobaceae host, as well as
Thermococcaceae and Methanococcaceae hosts.
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Figure 8. Heatmap showing the similarities in codon usage between pairs of archaeal hosts
(x-axis) and archaeal viruses (y-axis). Color code is based on the ranking of Euclidean
distances, calculated from all pairs of 93 archaeal viruses and 618 unique archaeal hosts.

As described before, viruses tend to ameliorate their genomes to obtain genomic feature
similarity to their hosts. All these constraints posed by virus-host co-evolution have
shaped genomes of both viruses and hosts in particular ways. Therefore, these features
are used in this study to predict virus-host relationships.
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Table 3. An example of host prediction: for the Sulfolobus islandicus rod-shaped virus
based on codon usage similarities with the host codon usage.
Virus

Taxonomic level

Known host

of predicted hosts

Host with most similar
codon usage

Sulfolobus islandicus

Sulfolobus islandicus
LAL14/1

Sulfolobus islandicus

Domain

Archaea

Archaea

rod-shaped virus 1

Phylum

Crenarchaeota

Crenarchaeota

Class

Thermoprotei

Thermoprotei

Order

Sulfolobales

Sulfolobales

Family

Sulfolobaceae

Sulfolobaceae

Genus

Sulfolobus

Sulfolobus

Species

Sulfolobus islandicus

Sulfolobus islandicus
LAL14/1

Table 3 shows an example of a successful prediction based on genomic feature similarity
for archaeal hosts. The organism with the highest similarity with Sulfolobus islandicus
rod-shaped virus 1 measured by codon usage is Sulfolobus islandicus; thus, it is predicted
to be the natural host for this virus. Sulfolobus islandicus has been experimentally
verified to be the natural host for Sulfolobus islandicus rod-shaped virus 1 (PENG et al.
2001).
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Figure 9. Performance of the archaeal host prediction based on virus-host genomic
feature similarity. The prediction performance is measured using F1 scores at different
taxonomic levels.
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Figure 10. ROC curves displaying the predictive accuracies of archaeal host prediction
based on virus-host genomic feature similarities. The similarities are calculated based on
the Euclidean distances between viral and host genomes using codon usage (upper left),
bicodon usage (upper right), dinucleotide usage (bottom left), and GC-content (bottom
right). The dashed lines are based on the uninformed random guesses.
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The overall performance of predicting archaeal hosts is decent. The F1 scores reaches
around 0.8 at the phylum level and remain similarly high at the class level (Figure 9). At
the order and family levels, the F1 scores are around 0.7, although it drops to around 0.4
at the genus level. The predictive performance using the GC content or the usages of
codons, and dinucleotides are similar at all taxonomic levels. The predictive performance
based on bicodon usage seems to be slightly worse than the performance based on other
metrics (Figure 9).

Consistent with the F1 scores, the ROC curves also indicate that the similarities of codon,
bicodon, and nucleotide composition biases between viruses and hosts are good signals of
their virus-host relationships (Figure 10).
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Figure 11. Performance of the eukaryotic host prediction based on genomic feature
similarities between viruses and hosts. The prediction performance is measured using
F1 scores at different taxonomic levels.
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Figure 12. ROC curves displaying the predictive accuracies of the eukaryotic host
prediction based on virus-host genomic feature similarities. The similarities are calculated
based on the Euclidean distances between viral and host genomes using codon usage (upper
left), bicodon usage (upper right), dinucleotide usage (bottom left), and GC-content (bottom
right). The dashed line shows the uninformed random guesses.

However, the overall performance of eukaryotic host predictions using the GC-content,
and usages of codons, bicodon, and dinucleotides is much lower. The F1 score is only
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around 0.5 at the phylum level and 0.25 at the class level (Figure 11). The F1 scores at
the levels of order, family and genus are all under 0.1. The ROC curves also indicate that
none of the codon usage, di-nucleotide usage, and GC-content is a good signal to predict
virus-host relationships in eukaryotes (Figure 12). These results indicate that the method
based on virus-host genomic feature similarities, using any of GC-content or the usages
of codons, bicodons, or dinucleotides, has very weak predictive power for eukaryotic
hosts.

The large difference in predictive performance among archaea and eukaryotes is
consistent with our previous results that virus-host co-evolution among archaea is
lineage-specific, which results in high genomic similarities between virus and host among
archaea (Figure 8), while the difference between viruses and the hosts among several
major eukaryotic lineages such as fungi and animals are high. One possible explanation is
that, unlike prokaryotes, only a fraction of eukaryotic genomes encodes for protein. The
expression levels of different genes from the same genome vary significantly, which also
causes the variation in the level of codon usage bias among the genes even in the same
host genome. However, the genomic profiles are measured from the entire set of genes in
the genome and transcriptome. To improve the performance, however, gene expression
and proteomic data need to be investigated further although such information is currently
only available for a limited number of organisms.

Although it has been shown that the genomic similarities between viruses and their hosts
are generally higher than that between random virus-host pairs, this trend is not bound to
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occur and usually cannot be relied upon as a single lead of information to predict natural
hosts for newly identified viruses (BAHIR et al. 2009). Firstly, different genes in the same
viral genome are under different levels and types of selective pressures. For example,
viral proteins that are abundant in the virions and need to be highly expressed, such as the
capsid and structural proteins, are under higher selective pressure and have a higher level
of adaptation to host codon usage than those less abundant proteins, such as
glycoproteins, spike, and coat proteins, which are involved in the receptor recognition
(BAHIR et al. 2009). Receptor-recognition proteins are under very different pressure, i.e.,
they are explicitly constrained by the receptors on host cell surfaces. The varied
evolutionary pressures on different viral genes are a confounding factor that can
potentially reduce the predictive power based merely on genomic sequence similarities.

Virus-host prediction based on virus-virus genomic sequence similarity and
genomic feature similarities
Similarity of viruses can also be identified by two ways: genomic sequence similarities
and the genomic feature similarities (based on, e.g., GC-content, or usages of
dinucleotides, codons, bicodons). Viral sequence similarity can be examined using
phylogenetic tree reconstruction. Cellular organisms contain highly conserved hallmark
genes, e.g., 16s rRNA for prokaryotes and 18s rRNA for eukaryotes. Several viral genes
are maintained in a broad spectrum of viruses due to several conserved key steps in virus
reproduction, which include the genes encoding the reverse transcriptase among
retroviruses, RdRP in positive-stranded RNA viruses, jelly-roll capsid protein, and the
superfamily 3 helicase that are dispersed across many RNA and DNA viruses (KOONIN et
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al. 2006). However, it has been argued that the long divergence time and rapid evolution
of these genes have led to significantly small similarities among their sequences,
effectively making it difficult to estimate the sequence divergence and reconstruct
phylogenetic relationships with among viruses high confidence (ZANOTTO et al. 1996).
Additionally, with the intrinsically unstable nature of viral genetic materials, multiple
genes or the entire genomes are often used to study viral phylogenies (LIMA-MENDEZ et
al. 2008). However, since most metagenomic studies yield only incomplete viral genome
sequences, it may be insufficient for robust phylogenetic analysis. It is also
computationally too expensive to align thousands of viral genomes and build the
phylogenetic tree using reliable approaches such as the maximum likelihood method.
Therefore, in this study, we chose to measure virus-virus distances without using
phylogenetic analysis.
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Figure 13. Accuracy of predicting taxonomic classification of viruses based on virus-virus
sequence similarity.
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As an alternative method, the level of genomic sequence similarity was quantified using
the bit score obtained from blast similarity search. The taxonomic classification of virus
A, for example, was predicted to be the same as the known classification of the reference
virus (B) that shows the highest similarity (bit score) against the query virus A and show
classification is known. To confirm the accuracy of this taxonomic classification based
on bit-socre based sequence similarity, the predicted taxonomic classification of the
viruses in the test dataset was compared to the known taxonomic classification of the
virus. As shown in Figure 13, the overall accuracy reached 93.75% at the Family level
and 84.00% at the Genus level among archaeal viruses. In eukaryotic viruses, the
performance is even higher: 98.30% at the Family level, and 89.72% at the Genus level.
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Figure 14. Performance of the host prediction based on virus-virus sequence similarity
for archaea (blue) and eukaryotic (orange) hosts. The prediction performance is
measured using F1 scores at different taxonomic levels.

We next tested the hypothesis that viruses with high sequence similarity share the same
host. The host of virus A is predicted to be the same host for virus B that shows the
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highest similarity (bit score) against the query virus A. The accuracy of the predicted
hosts was compared with the known host for each virus. The virus-host prediction based
on virus-virus sequence similarity showed high accuracy with for both archaeal and
eukaryotic hosts. For the archaeal host prediction, the F1 scores are nearly 1 at the levels
of phylum and class (Figure 14). The F1 scores do not drop sharply as the taxonomic
level becomes family and genus. The F1 scores remain high at the levels of order (0.93),
family (0.91), and genus (0.72). Although the performance of this method in eukaryotic
host prediction is not as high as that in archaea, the difference is not significant. In
eukaryotes, the F1 scores reaches 0.98 at the phylum level and even at the genus level,
the F1 score is above 0.6 (Figure 14).

ROC curves also indicate that virus-virus sequence similarity can be used to predict
virus-host relationship for both archaeal and eukaryotic hosts (Figures 15 and 16).
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Figure 15. ROC curves displaying the predictive accuracies of the archaeal hosts prediction
based on virus-virus sequence similarity. The dashed line are based on the uninformed
random guesses.

Figure 16. ROC curves displaying the predictive accuracies of the eukaryotic hosts
prediction based on virus-virus sequence similarity. The dashed line shows the uninformed
random guesses.
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Furthermore, among the four organismal groups in eukaryotes (plants, mammals, insects
and aves), this method appears to work best in mammals. Mammalian host prediction
reaches F1 score of 0.8 or higher at the levels of order and family, and remains high at the
genus level (0.76) (Figure 17).
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Figure 17. Performance of the host prediction based on virus-virus sequence similarity
in four classes of eukaryotes (Plants, Mammals, Insects and Aves). The prediction
performance is measured using F1 scores at different taxonomic levels.

Similarly, viruses with highly similar genomic feature profiles are expected to infect the
same host. Figure 18 shows that clustering based on codon usage similarities correspond
to two archaeal-host viral groups: sulfolobus viruses, which specifically infect
Sulfolobaceae, and holoviruses, which specifically infect Halobacteriaceae.
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Figure 18. Heatmap showing the similarities in codon usage between pairs of archaeal
viruses. Color code is based on the ranking of Euclidiean distances, calculated from all pairs
of 93 archaeal viruses.

We next assessed the performance of viral host prediction based on between-virus
similarities. The viral host predictive power using virus-virus genomic feature similarities
is weaker than that based on virus-virus genomic sequence similarity but still much
stronger than virus-host sequence similarity and virus-host genomic feature similarities
(Figure 19). Using the codon usage similarities, for example, the F1 scores were around
0.8, 0.78, 0.62, 0,58 at the levels of phylum, class, order, and family, for archaea host
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prediction (Figure 19). Notably, prediction using bicodon usage was distinctively lower
than other genomic feature similarities, indicating bidocon usage may be under relatively
weaker constraints. The ROC curves also suggest the same conclusion (Figure 20).
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Figure 19. Performance of the archaea host prediction based on virus-virus genomic
feature similarity using usages of codons, bicodons, dinucleotides, and GC content. The
prediction performance is measured using F1 scores at different taxonomic levels.
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Figure 20. ROC curves displaying the predictive accuracies of the archaea host prediction
based on virus-virus genomic feature similarities. The similarities are calculated based on
the Euclidean distances between viral and host genomes using codon usage (upper left),
bicodon usage (upper right), dinucleotide usage (bottom left), and GC-content (bottom
right). The dashed line are based on the uninformed random guesses.
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However, the virus-virus genomic feature similarities do not appear to have a good signal
to predict virus-host relationships among eukaryotes. Using any of the genomic features,
the F1 scores is 0.5 at the phylum level and remains below 0.3 at deeper taxonomic levels
(Figure 21). The ROC curves did not indicate that this method can yield higher positive
rates in the prediction than random guessing (Figure 22).
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Figure 21. Performance of the host prediction based on virus-virus genomic feture
similarity using usages of codons, bicodons, dinucleotides, and GC content. The
prediction performance is measured using F1 scores at different taxonomic levels.
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Figure 22. ROC curves displaying the predictive accuracies of the eukaryotic host
prediction based on virus-virus genomic feature similarities. The dashed line are based on
the uninformed random guesses.

The performance measured with F1 scores or the ROC curves does not seem to be very
satisfactory. We further examined this method based on accuracies and found that
especially the usages of codons and dinucleotides yielded much higher accuracies than
random guesses (Figure 23). The method using codon usages has accuracies of about
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91%, 88%, 75%, 50%, 41%, 27%, and 19% at the levels of kingdom, phylum, class,
order, family, genus, and species, respectively, which are on average more than 3 times
higher than random guesses. These results indicate that the genomic feature similarity
between viruses and hosts contains information, although not significant in eukaryotes,
and can be used to predict new virus-host relationships.
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Figure 23. Performance of the eukaryotic host prediction based on genomic feature
similarities between viruses. The prediction performance is measured using accuracies
at different taxonomic levels.
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DISCUSSION
In this study, we systematically assessed the predictive power of four different
computational approaches to predict viral host among archaea and eukaryotes based on
distinct biological principles, namely, the sequence similarity between viruses and hosts,
the co-evolution among genomic features between viruses and hosts, the sequence
similarities between viruses and viruses, the genetic feature similarities between viruses.
Co-evolution based genomic feature similarities are quantified for GC-content as well as
the usages of dinucleotides, codons, and di-codons. We show that all the four approaches
have predictive power (except the method based on virus-virus genomic feature similarity
in predicting eukaryotic hosts), better than uninformed guesses, indicating that our
knowledge of virus-host interaction and co-evolution can be exploited to help predicting
archaeal or eukaryotic hosts for viral contigs. Overall, approaches based on virus-virus
genomic sequence similarities or virus-virus genomic feature similarity have the highest
predictive power, while the virus-host sequence similarity yielded relatively less accuracy
and the virus-host genomic feature similarity has the least predictive power.

Previous studies demonstrated that the virus-host sequence similarity-based approaches
have the most vital predictive signals. Approaches based on genomic similarities between
viruses and hosts also have significant predictive power in bacteria (EDWARDS et al.
2016; AHLGREN et al. 2017). The reported predictive accuracy for bacterial hosts is
comparable with what we observed for archaeal hosts and also much higher than that for
eukaryotic hosts. The difference in the predictive performance between prokaryotes and
eukaryotes may not be surprising considering the fundamental differences in genomic
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architectures between prokaryotes and eukaryotes. For example, the bacteria genomes
contain almost only protein-coding genes, whereas the eukaryotic genomes are suffused
with introns, intergenic non-coding sequences, and mobile genetic elements. Most mobile
elements, including endogenous viruses in individual genomes, are vertically inherited
from predecessors instead of horizontally transferred from viral invaders (AIEWSAKUN
AND KATZOURAKIS

2015). However, some endogenous viruses are through direct viral

infections. One of the possible methods to distinguish the exogenously obtained viruses
and vertically inherited endogenous viruses in an organism is to evaluate whether these
elements can be found in closely related organisms’ genomes. If a virus-like element
exists in several related organisms, especially in the same genomic regions, it is more
likely to be vertically inherited from the common ancestral species. If a virus-like
element exists only in a particular organism uniquely, it is more likely to be a product of
a recent novel viral infection. The estimates of codon usage bias or generic
oligonucleotide biases among eukaryotes using the entire genome and transcriptome
sequences may not be used to find similarities with viruses because the variations of
expression level among different genes can be significant, especially in prokaryotes. One
possible way to alleviate the confounding effects is that instead of using whole
genome/transcriptome data, only the highly expressed proteins are used to estimate
oligonucleotide bias. For example, the housekeeping genes essential for basic cell
structural maintenance and enzymes for essential biochemical reactions usually have the
highest expression level. For viruses, capsids, core, and structural proteins are generally
the most abundant in virions. However, this requires well-annotated genomes and
currently only applicable to a handful of model organisms and societally important

53
viruses. It is also worthy to note that similar genomic features among irrelevant
organisms can also result from convergent evolution. Notwithstanding these caveats, the
accuracies are still better than uninformed guesses.

The approaches based on the virus-virus genomic sequence similarity or genomic feature
similarity appear to have higher predictive capabilities than approaches based on virushost genomic sequence similarity or genomic feature similarity. However, these
approaches heavily rely on the size of the database of defined virus-host pairs. A novel
virus that does not resemble any virus or infect any host in the database may be falsely
forced to be assigned a host. However, the increasing amount of attention and efforts paid
to viral metagenomics studies in recent years seem to promise a significant expansion of
the current virus-host database hence promising higher predictive accuracy. Moreover,
evidence of the co-existence of virus and host, facilitated by simultaneous environmental
rRNA amplicon sequencing and viral sequencing, may be incorporated into the protocols
to increase the predictive power. Virus-host co-abundance has been used to predict
bacterial hosts but showed little predictive power (EDWARDS et al. 2016). This may not
be surprising because different types of virus-host symbiotic relationships can have
completely different co-abundance patterns. In an antagonistic relationship, viruses are
lytic or pathogenic so the abundance of viruses would decrease as the host abundance
increases. In a commensal relationship, the viruses are lysogenic, so the abundance of
viruses increases as the host abundance increases. In a mutualistic relationship where the
viruses are beneficial partners of the host, the co-abundance pattern tends to be more
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complicated. All these scenarios are common. Therefore, it is difficult to predict the
virus-host relationship merely based on virus-host coabundance.

Besides the approaches we have examined in this study, other approaches that utilize
more sophisticated knowledge and measuring methods may also be promising to obtain
higher prediction power of virus-host interactions. For example, detailed studies of small
RNA sequencing libraries of a cellular host organism can sometimes directly link viruses
and hosts. siRNA-mediated RNA interference is an evolutionarily conserved pathway
among eukaryotes to defend against viruses. Plants and insects have not evolved the
highly efficient adaptive immune system mediated by B-cell and T-cell in the jawed
vertebrates; siRNA mediated virus immunity is one of the most important means for them
to defend against viruses (GOIC et al. 2013; BRONKHORST AND VAN RIJ 2014). Upon viral
infection, the RNA viral genome can be recognized by RNAi machinery and processed
into multiple pieces of siRNAs. Remarkably, it is reported that assembling exogenous
small RNAs (those cannot be mapped to host genome) can recover near-complete viral
contigs, which could be exploited to discover novel viruses (WANG et al. 2010; WU et al.
2010).

This study has exploited several computational approaches in predicting hosts based on
different relationships between virus and virus or between virus and host. It is important
to note that these predictions are accurate only at higher taxonomic levels, particularly in
eukaryotes. Our results demonstrate that it is possible to predict a particular family or
species of virus can infect a particular family or genus of cellular hosts. For example,
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based on our approaches, it can be predicted that the influenza virus, in general, can
infect birds and mammals. It would be ideal if the predictions could be more precise and
specific, i.e., identifying a particular strain of the virus infecting a particular host species.
While this is beyond the scope of this study. Nevertheless, in principle, it is not
impossible to predict highly specific virus-host relationships if we have enough amount
of specific data. For instance, there are thousands of strains of influenza viruses with
variations in their genome sequences. Some strains can infect human cells, while others
cannot. Sometimes, a single mutation can convert an infectious virus into a noninfectious
one. By learning a sufficient number of sequence-infectivity pairs, a machine learning
model can predict the potential infectivity and risk of a new strain of virus without having
a clear biological understanding of the mechanisms of viral infection (Mock et al., 2019).
Fortunately, extensive training data for some major human viruses such as the influenza
virus are available. Underpinning the good predictive power of machine learning methods
is that all the virulence, host-range specificity, and transmission are fundamentally
determined by genetic changes that can be readily discerned by sequencing. For example,
a single gene, RNA polymerase, determines the host range of the influenza virus
(SUBBARAO et al. 1993; CAULDWELL et al. 2014). Likewise, it was shown that
substitutions of only two amino acids in the spike protein which contains the receptorbinding domain in severe acute respiratory syndrome coronavirus (SARS) of palm civet
origin with that of human SARS rendered the ability of palm civet SARS to infect human
(QU et al. 2005).
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One of the ultimate goals of scientists is to take proactive measures for potential
pandemics, instead of just passively reacting to them, which is usually too late to contain.
Most of the disastrous virus outbreaks in human history result from host-shifts.
Interspecies transmission is usually difficult due to the highly specific virus-host
interactions, constrained by the long-term co-evolution between viral pathogens and
hosts. However, once the host-shift happens, the consequences are usually severe since
new hosts lack efficient mechanisms or memory to defend against new viral infections.
Unfortunately, having a relatively broad spectrum of hosts is not uncommon among
animals. However, in the light of modern technologies highlighted by high-throughput
sequencing, it is now possible to obtain the total viral genomes in virtually all relevant
wild animals. Along with our ever-increasing understandings of the long-term
mechanisms and evolution of viral infection, and the short-term infection, ecology, and
transmission dynamics, it is not unattainable to explore the possibilities of taking
preemptive approaches in predicting virus hosts and helping cope with potential risks
before it is too late (MORSE et al. 2012; OLIVAL et al. 2017). It is our hope that this study,
which explores various approaches in predicting virus-host relationships in Archaea and
Eukaryotes, together with recent efforts focused on bacteria-phage relationships, can help
us have a better understanding of the viral dark matter (EDWARDS et al. 2016; AHLGREN
et al. 2017; ZHANG et al. 2017). It is foreseeable that as more knowledge of virus-host
relationships is generated, as more training data become available, as more computational
methods are developed, our predictive capacity will increase simultaneously.

57

REFERENCES
Ahlgren, N. A., J. Ren, Y. Y. Lu, J. A. Fuhrman and F. Sun, 2017 Alignment-free
$d_2^*$ oligonucleotide frequency dissimilarity measure improves prediction of
hosts from metagenomically-derived viral sequences. Nucleic Acids Res 45: 3953.
Aiewsakun, P., and A. Katzourakis, 2015 Endogenous viruses: Connecting recent and
ancient viral evolution. Virology 479-480: 26-37.
Alexaki, A., J. Kames, D. D. Holcomb, J. Athey, L. V. Santana-Quintero et al., 2019 Codon
and Codon-Pair Usage Tables (CoCoPUTs): Facilitating Genetic Variation Analyses
and Recombinant Gene Design. J Mol Biol 431: 2434-2441.
Bahir, I., M. Fromer, Y. Prat and M. Linial, 2009 Viral adaptation to host: a proteomebased analysis of codon usage and amino acid preferences. Mol Syst Biol 5: 311.
Bandin, I., and C. P. Dopazo, 2011 Host range, host specificity and hypothesized host
shift events among viruses of lower vertebrates. Vet Res 42: 67.
Barrientos-Somarribas, M., D. N. Messina, C. Pou, F. Lysholm, A. Bjerkner et al., 2018
Discovering viral genomes in human metagenomic data by predicting unknown
protein families. Scientific Reports 8: 28.
Bourque, G., K. H. Burns, M. Gehring, V. Gorbunova, A. Seluanov et al., 2018 Ten things
you should know about transposable elements. Genome Biol 19: 199.
Bronkhorst, A. W., and R. P. van Rij, 2014 The long and short of antiviral defense: small
RNA-based immunity in insects. Curr Opin Virol 7: 19-28.

58
Brum, J. R., J. C. Ignacio-Espinoza, S. Roux, G. Doulcier, S. G. Acinas et al., 2015 Ocean
plankton. Patterns and ecological drivers of ocean viral communities. Science
348: 1261498.
Cauldwell, A. V., J. S. Long, O. Moncorge and W. S. Barclay, 2014 Viral determinants of
influenza A virus host range. J Gen Virol 95: 1193-1210.
Chabannes, M., and M. L. Iskra-Caruana, 2013 Endogenous pararetroviruses--a reservoir
of virus infection in plants. Curr Opin Virol 3: 615-620.
Choi, K. H., 2012 Viral polymerases. Adv Exp Med Biol 726: 267-304.
Davis, F. P., D. T. Barkan, N. Eswar, J. H. McKerrow and A. Sali, 2007 Host pathogen
protein interactions predicted by comparative modeling. Protein Sci 16: 25852596.
de Jonge, P. A., F. L. Nobrega, S. J. J. Brouns and B. E. Dutilh, 2019 Molecular and
Evolutionary Determinants of Bacteriophage Host Range. Trends Microbiol 27:
51-63.
Di Giallonardo, F., T. E. Schlub, M. Shi and E. C. Holmes, 2017 Dinucleotide Composition
in Animal RNA Viruses Is Shaped More by Virus Family than by Host Species. J
Virol 91.
Edwards, R. A., K. McNair, K. Faust, J. Raes and B. E. Dutilh, 2016 Computational
approaches to predict bacteriophage-host relationships. FEMS Microbiol Rev 40:
258-272.
Feschotte, C., and C. Gilbert, 2012 Endogenous viruses: insights into viral evolution and
impact on host biology. Nat Rev Genet 13: 283-296.

59
Forterre, P., and D. Prangishvili, 2009 The great billion-year war between ribosome- and
capsid-encoding organisms (cells and viruses) as the major source of
evolutionary novelties. Ann N Y Acad Sci 1178: 65-77.
Goic, B., N. Vodovar, J. A. Mondotte, C. Monot, L. Frangeul et al., 2013 RNA-mediated
interference and reverse transcription control the persistence of RNA viruses in
the insect model Drosophila. Nat Immunol 14: 396-403.
Hale, C. R., P. Zhao, S. Olson, M. O. Duff, B. R. Graveley et al., 2009 RNA-guided RNA
cleavage by a CRISPR RNA-Cas protein complex. Cell 139: 945-956.
Hohn, T., and H. Rothnie, 2013 Plant pararetroviruses: replication and expression. Curr
Opin Virol 3: 621-628.
Howard-Varona, C., K. R. Hargreaves, S. T. Abedon and M. B. Sullivan, 2017 Lysogeny in
nature: mechanisms, impact and ecology of temperate phages. The ISME Journal
11: 1511-1520.
Karginov, F. V., and G. J. Hannon, 2010 The CRISPR system: small RNA-guided defense in
bacteria and archaea. Mol Cell 37: 7-19.
Koonin, E. V., and V. V. Dolja, 2013 A virocentric perspective on the evolution of life, pp.
Koonin, E. V., T. G. Senkevich and V. V. Dolja, 2006 The ancient Virus World and
evolution of cells. Biol Direct 1: 29.
Kozak, C. A., 2013 Evolution of different antiviral strategies in wild mouse populations
exposed to different gammaretroviruses. Curr Opin Virol 3: 657-663.
Kunec, D., and N. Osterrieder, 2016 Codon Pair Bias Is a Direct Consequence of
Dinucleotide Bias. Cell Rep 14: 55-67.

60
Lewis, W. H., G. Tahon, P. Geesink, D. Z. Sousa and T. J. G. Ettema, 2021 Innovations to
culturing the uncultured microbial majority. Nat Rev Microbiol 19: 225-240.
Li, H., B. Handsaker, A. Wysoker, T. Fennell, J. Ruan et al., 2009 The Sequence
Alignment/Map format and SAMtools. Bioinformatics 25: 2078-2079.
Lima-Mendez, G., J. Van Helden, A. Toussaint and R. Leplae, 2008 Reticulate
representation of evolutionary and functional relationships between phage
genomes. Mol Biol Evol 25: 762-777.
Lu, C., Z. Zhang, Z. Cai, Z. Zhu, Y. Qiu et al., 2021 Prokaryotic virus host predictor: a
Gaussian model for host prediction of prokaryotic viruses in metagenomics. BMC
Biol 19: 5.
Lynch, M., 2006 Streamlining and simplification of microbial genome architecture. Annu
Rev Microbiol 60: 327-349.
Makarova, K. S., D. H. Haft, R. Barrangou, S. J. J. Brouns, E. Charpentier et al., 2011
Evolution and classification of the CRISPR–Cas systems. Nature Reviews
Microbiology 9: 467-477.
Miesen, P., J. Joosten and R. P. van Rij, 2016 PIWIs Go Viral: Arbovirus-Derived piRNAs in
Vector Mosquitoes. PLoS Pathog 12: e1006017.
Mihara, T., Y. Nishimura, Y. Shimizu, H. Nishiyama, G. Yoshikawa et al., 2016 Linking
Virus Genomes with Host Taxonomy. Viruses 8: 66.
Mock, F., A. Viehweger, E. Barth and M. Marz, 2020 VIDHOP, viral host prediction with
Deep Learning. Bioinformatics.

61
Mokili, J. L., F. Rohwer and B. E. Dutilh, 2012 Metagenomics and future perspectives in
virus discovery. Curr Opin Virol 2: 63-77.
Morse, S. S., J. A. Mazet, M. Woolhouse, C. R. Parrish, D. Carroll et al., 2012 Prediction
and prevention of the next pandemic zoonosis. Lancet 380: 1956-1965.
Obbard, D. J., K. H. Gordon, A. H. Buck and F. M. Jiggins, 2009 The evolution of RNAi as a
defence against viruses and transposable elements. Philos Trans R Soc Lond B
Biol Sci 364: 99-115.
Olival, K. J., P. R. Hosseini, C. Zambrana-Torrelio, N. Ross, T. L. Bogich et al., 2017 Host
and viral traits predict zoonotic spillover from mammals. Nature 546: 646-650.
Overbaugh, J., A. D. Miller and M. V. Eiden, 2001 Receptors and entry cofactors for
retroviruses include single and multiple transmembrane-spanning proteins as
well as newly described glycophosphatidylinositol-anchored and secreted
proteins. Microbiol Mol Biol Rev 65: 371-389, table of contents.
Paez-Espino, D., E. A. Eloe-Fadrosh, G. A. Pavlopoulos, A. D. Thomas, M. Huntemann et
al., 2016 Uncovering Earth's virome. Nature 536: 425-430.
Peng, X., H. Blum, Q. She, S. Mallok, K. Brugger et al., 2001 Sequences and replication of
genomes of the archaeal rudiviruses SIRV1 and SIRV2: relationships to the
archaeal lipothrixvirus SIFV and some eukaryal viruses. Virology 291: 226-234.
Pride, D. T., T. M. Wassenaar, C. Ghose and M. J. Blaser, 2006 Evidence of host-virus coevolution in tetranucleotide usage patterns of bacteriophages and eukaryotic
viruses. BMC Genomics 7: 8.

62
Qu, X. X., P. Hao, X. J. Song, S. M. Jiang, Y. X. Liu et al., 2005 Identification of two critical
amino acid residues of the severe acute respiratory syndrome coronavirus spike
protein for its variation in zoonotic tropism transition via a double substitution
strategy. J Biol Chem 280: 29588-29595.
Qureshi, A., V. G. Tantray, A. R. Kirmani and A. G. Ahangar, 2018 A review on current
status of antiviral siRNA. Rev Med Virol 28: e1976.
Rappe, M. S., and S. J. Giovannoni, 2003 The uncultured microbial majority. Annu Rev
Microbiol 57: 369-394.
Rodriguez-Brito, B., L. Li, L. Wegley, M. Furlan, F. Angly et al., 2010 Viral and microbial
community dynamics in four aquatic environments. ISME J 4: 739-751.
Roux, S., J. R. Brum, B. E. Dutilh, S. Sunagawa, M. B. Duhaime et al., 2016 Ecogenomics
and potential biogeochemical impacts of globally abundant ocean viruses.
Nature 537: 689-693.
Shabalina, S. A., and E. V. Koonin, 2008 Origins and evolution of eukaryotic RNA
interference. Trends Ecol Evol 23: 578-587.
Subbarao, E. K., W. London and B. R. Murphy, 1993 A single amino acid in the PB2 gene
of influenza A virus is a determinant of host range. J Virol 67: 1761-1764.
Suttle, C. A., 2007 Marine viruses--major players in the global ecosystem. Nat Rev
Microbiol 5: 801-812.
Swarts, D. C., K. Makarova, Y. Wang, K. Nakanishi, R. F. Ketting et al., 2014 The
evolutionary journey of Argonaute proteins. Nat Struct Mol Biol 21: 743-753.

63
Villarroel, J., K. A. Kleinheinz, V. I. Jurtz, H. Zschach, O. Lund et al., 2016 HostPhinder: A
Phage Host Prediction Tool. Viruses 8.
Wang, X. B., Q. Wu, T. Ito, F. Cillo, W. X. Li et al., 2010 RNAi-mediated viral immunity
requires amplification of virus-derived siRNAs in Arabidopsis thaliana. Proc Natl
Acad Sci U S A 107: 484-489.
Wu, Q., Y. Luo, R. Lu, N. Lau, E. C. Lai et al., 2010 Virus discovery by deep sequencing and
assembly of virus-derived small silencing RNAs. Proc Natl Acad Sci U S A 107:
1606-1611.
Young, F., S. Rogers and D. L. Robertson, 2020 Predicting host taxonomic information
from viral genomes: A comparison of feature representations. PLoS Comput Biol
16: e1007894.
Zanotto, P. M., M. J. Gibbs, E. A. Gould and E. C. Holmes, 1996 A reevaluation of the
higher taxonomy of viruses based on RNA polymerases. J Virol 70: 6083-6096.
Zhang, M., L. Yang, J. Ren, N. A. Ahlgren, J. A. Fuhrman et al., 2017 Prediction of virushost infectious association by supervised learning methods. BMC Bioinformatics
18: 60.

